A great deal of attention in the economics literature has focused on auctions, both as important economic institutions in their own right and as models of centralized competitive markets. Auctions have clear rules that often are easily adapted to game-theoretic models, yielding insights into strategic issues likely to arise in more complicated market structures. Consequently, auctions have provided some of the most promising empirical applications of strategic models with asymmetric information.' Empirical studies of auctions have been used to evaluate competing models, test the predictive value of game theory, estimate distributions of private information, determine which selling A potentially important factor in bidding that has been ignored in nearly all of the auction literature is-the existence of a secondarv market in which an auction winner can sell the object he has won. While such resale opportunities frequently exist (more frequently than not), empirical studies have either ignored them or relied on conjectures regarding the effects of resale. Recent theoretical work has shown that resale can fundamentally change the intei-pretation of bidding data, a seller's optimal choice of auction, the effects of a reserve price, and even existence of a separating (i.e., efficient) equilibr i~m .H ence, empirical evidence supporting the presence and significance of the effects of resale will have important implications for many applications. This paper shows that a resale opportunity can reverse a key testable implication of models ignoring resale. The prediction is then tested on data from sales of timber harvesting contracts held by the U.S. Forest Service between 1974 and 1989.
See Kenneth Hendricks and Harry J. Paarsch (1995) for a recent survey. mechanisms generate higher revenues, test for collusive behavior. and evaluate the effects of asymmetric information.
A potentially important factor in bidding that has been ignored in nearly all of the auction literature is-the existence of a secondarv market in which an auction winner can sell the object he has won. While such resale opportunities frequently exist (more frequently than not), empirical studies have either ignored them or relied on conjectures regarding the effects of resale. Recent theoretical work has shown that resale can fundamentally change the intei-pretation of bidding data, a seller's optimal choice of auction, the effects of a reserve price, and even existence of a separating (i.e., efficient) equilibr i~m .H ence, empirical evidence supporting the presence and significance of the effects of resale will have important implications for many applications. This paper shows that a resale opportunity can reverse a key testable implication of models ignoring resale. The prediction is then tested on data from sales of timber harvesting contracts held by the U.S. Forest Service between 1974 and 1989. While several previous studies have examined bidding at iimber auctions,"one has 'See Sushi1 Bikhchandani and Chi-fu Huang (1989) or Haile (1999 Haile ( , 2000a .
See, for example, Ronald N. Johnson (1979) . Walter J. Mead et al. (1981 Mead et al. ( , 1983 , Robert G. Hansen (1985 Hansen ( , 1986 , Kalyan Chatterjee and Terry P. Harrison (1988) , Paarsch considered the effects of resale opportunities. However, resale is likely to have been an important factor determining bids in these auctions. Forest Service contracts in this period typically allowed several years' delay before harvesting, and logs were usually harvested near the end of a contract term. The specialized lumber mills bidding for these contracts were likely to have had imperfect signals of their idiosyncratic demand (or other determinants uf the values they place on a tract) several years into the future. Hence, gains to resale trade were likely to arise as uncertainty was resolved in the period between the auction and the harvest deadline. In fact, subcontracting of logging and sale of harvested logs prior to processing were common, and firms sometimes transferred entire contracts.
In the theoretical model, this resolution of uncertainty after the auction (as well as the potential entry of new firms in the interim period) accounts for the existence of an active resale market. The key effect of the resale opportunity is the endogenous determination of bidder valuations. A firm's willingness to pay at an auction depends not only on the value it would obtain from harvesting and processing the timber itself, but also on the opportunities to buy and sell in secondary markets. A firm's option to later sell a contract it wins raises its willingness to pay at the auction-the resale seller effect. However, the opportunity to buy in the resale market reduces the importance (value) of winning the auction-the resale buyer effect. This key feature of the model drives the empirical prediction taken to the data. In particular, when the number of bidders is a signal of the likely competition between buyers in the resale market, increasing the number of bidders raises the expected surplus extracted by the seller in the secondary market, magnifying the resale seller effect. Similarly, added competition diminishes the resale buyer effect. These effects imply that an increase in the number of bidders raises the value of winning the auction.
Many models predict that the winning bid (1992b, 1997) , Bernard Elyakime et al. (1994) , Phillip J. Lederer (1994) , Keith B. Leffler et al. (1994) , John R. Schroeter and Scott L. Smith (1994) , Laura H. Baldwin et al. (1997) , and Susan Athey and Jonathan Levin (2001) .
will increase with the number of bidders or even that competition makes bidders more aggressive; however, the prediction here concerns not the outcome of the auction nor the strategies followed in equilibrium, but a bidder's willingness to pay, i.e., his valuation. Indeed, this prediction distinguishes this model from standard models of auctions without resale, where a bidder's willingness to pay is either unaffected by the number of bidders (in a private values model) or declining in the number of bidders (with common values). The empirical analysis uses a structural model that reveals the predicted relationship between the number of bidders and the distribution of valuations. This result is found in two different geographic regions, with stronger effects before policy changes that effectively banned contract transfers and substantially reduced the expected gains from subcontracting. While this paper includes new theoretical results, it is most closely related to the empirical literature investigating the predictions of strategic bidding models. Like the seminal work of Hendricks and Robert H. Porter (1988) , the analysis reveals evidence inconsistent with equilibrium predictions of the simplest models but supporting those of a more complex model capturing important features of the actual bidding environment. A resale opportunity is a particularly pervasive feature of auction markets, and these results show that its effects on bidding can be significant in practice. Hence, the evidence here suggests that the effects of resale should be taken seriously in many other applications as well. Finally, the paper makes a methodological contribution by developing a structural empirical model of English auctions that allows incorporation of instrumental variable techniques and accounts for information inferred by bidders from opponents' behavior during the auction. The latter feature also makes possible a test for the common value element introduced to the auction by the resale opportunity.
Section I provides an overview of U.S. Forest Service timber sales, focusing on features that motivate the specification of the model. The theoretical model is presented in Section 11, where equilibrium bidding is characterized and testable predictions are derived. Section I11 provides a brief discussion of the data. Section IV presents the estimation approach and empirical results. In Section V, I examine the robustness of the results to variations in distributional assumptions. Section VI concludes. Proofs are given in the Appendix.
I. U.S. Forest Service Timber Sales
The U.S. Forest Service manages the majority of federal timber lands in the United States and frequently sells harvesting contracts by auction. A contract requires the purchaser to remove all included timber from the tract within a specified time period, usually between two and six years. Lumber mills are the primary bidders and are highly specialized by species, grades of timber, and the end products they produce. Hence, while there typically are many mills near a tract being offered, only those with an appropriate specialization will bid.
I focus on oral (English) auctions, the sale method used most frequently. Before a sale the Forest Service conducts a "cruise" of the tract to prepare an appraisal of the contract value and set a reserve price.4 The cruise report is published when the sale is advertised. Bidders must submit sealed bids of at least the advertised reserve price to qualify to participate in the actual auction. However, these reserve prices are widely viewed as nonbinding.5 Bids at the auction are made for each species on a per-unit (thousand board-feet) basis; i.e., bids are unit prices. The winner is the firm making the highest total bid, based on these prices and the Forest Service volume estimates. After the auction, all bids become public information.
In the sales considered here, known as "scaled sales," payments (other than a deposit) are not made by the winner until the harvest and are then based on actual timber volumes rather than the original Forest Service estimates. The Forest Service also insures bidders against price Bidders sometimes conduct their own cruises of a tract before the auction, although usually not for the type of sale studied here, where (as discussed below) bids are effectively prices per unit (National Resource Management Corporation, 1997). Private cruises are much more common for "tree measurement" sales, where bidders make lump-sum payments at the auction, bearing considerable risk due to uncertainty over the actual volume of timber on the tract. Haile (1996) includes a discussion of reasons for this and provides supporting evidence.
fluctuations by indexing payments to timber prices at the time of harvest. These practices leave little common uncertainty about the value of a contract and, more important, little room for private information regarding any common elements in the values firms place on a given contract. However, because bidders are specialized, they have private information about their own sales and inventories of end products, contracts for future sales, and inventories of uncut timber from private timber sales.
This information structure suggests that a private values model is most appropriate. As we will see below, with a resale market it is important to make a distinction between bidders' valuations (the values they place on winning the auction) and their use values (the values they place on the contract, ignoring resale opportunities). With a resale market, valuations are endogenous and may contain common components even when use values are purely private. I model bidders' use values as independent and private and focus the empirical analysis on a subset of data for which this assumption is most compelling a priori.6
Because contract terms are generally much longer than the time needed to harvest a tract (Randal R. Rucker and Leffler, 1988; Cummins, 1994 ) and most harvesting occurs at the end of the contract term (U.S. Forest Service, 1995) , bidders are likely to have only noisy estimates of their use values at the time of the auction. Sawmills are likely to be uncertain of the timing and volume of future demand for end products, their inventories from other sales, and, in some cases, even the production technology they will possess over a contract term spanning several years. Such uncertainty would have no effect in standard auction models. However, this uncertainty and its subsequent resolution provide a motivation for resale trade.
Resale of Forest Service contracts may take at least two different forms. First, in some cases, contracts could be transferred between firms. These "third-party transfers" appear to have Baldwin et al. (1997) take a similar approach. Other studies which assume private values for timber contracts include Jason G. Cummins (1994) , Elyakime et al. (1994) , Hansen (1985 Hansen ( , 1986 , Johnson (1979) , and Paarsch (1992b Paarsch ( , 1997 . occurred for only a small share of the contracts sold.7 Second, and more important, is subcontracting. Purchasers have always been permitted to subcontract any amount (including all) of the required harvesting andlor production of the final timber products. ~o~~i nĩtself was frequently subcontracted, and purchasers often sold a large share of the harvested logs to other mills for processing (U.S. Forest Service, 1990; Baldwin et al., 1997) .
A recession in 1980-1981 and the ensuing defaults on many Forest Service contracts resulted in several important policy changes. Since May 4, 1981,third-party transfers have been permitted only in extreme circumstances-a purchaser going out of business, leaving an area permanently, or being taken over by another firm (U.S. Office of the Federal Register, 1980 Register, , 1981 . Other policy changes implemented at approximately the same time are likely to have affected subcontracting as well. Contract lengths were shortened considerably, reducing the informational motivation for resale trade. Among the types of sales considered here, the average contract length declined from 55 months before 1981 to 33 months after. The Forest Service also began requiring larger deposits, raised the penalties for default, and made it more difficult to obtain contract extensions (Mead et al., 1983) . If these changes achieved their intended effect of reducing the attractiveness of speculative bidding o n Forest Service contracts, they should weaken the observed impacts of resale opportunities on bidding. Hence, this change in policy regime provides an opportunity to sharpen the empirical tests of the model below.
The Model
Consider a two-stage game in which an auction is followed by an opportunity for resale trade. In the first stage, n risk-neutral firms compete for a 'See Haile (1996) . Third-party transfers have always been prohibited except in approved circumstances. However, before 1981, Forest Service policy identifying these circumstances included vague guidelines allowing transfers which "protect the interest of the United States" (U.S. Forest Service, 1976 , 1981 . This left room for liberal interpretation and it was widely believed that firms were buying contracts on a "speculative" basis.
contract in an English auction with a reserve price of zero. Each bidder i has a noisy signal Xi E [O, 11 of his use value Ui E [O, I].* After the auction, each bidder learns his own use value. In the second stage, the winning bidder holds another English auction without an announced reserve price, but is free to reject the high bid and keep the contract himself. There are m bidders at this resale auction, including the n -1 losing bidders from the original sale and any firms that have entered in the interim.9 Each of the m + 1 firms knows its use value at the resale auction. I assume n and m are strictly affiliated, implying that n is an informative signal of m." After the resale auction, the holder of the contract, firm j say, carries out the contractual requirements and obtains payoff ujp, where p is the price he paid to obtain the contract.
All use values for a given contract are drawn independently from a distribution G(.) while each bidder's signal has unconditional distribution F(. Strictly speaking, the model does not allow bidders to exit, although any probability less than one can be placed on a bidder's having a use value arbitrarily close to zero in the second stage.
'O One plausible possibility is that only losing bidders will be interested in buying in the resale market, implying m = n -1. See Paul R. Milgrom and Robert J. Weber (1982) for a discussion of affiliation. The key implication of strict affiliation here is that given any (strictly) increasing function ~( m ) , [~( m ) While the first-stage game is obviously motivated by the application, there are many ways one might model the resale market. The second-stage game considered here may be a reasonable model of multilateral bargaining in some contexts; however, it is not intended to be descriptive. This specification is meant to provide a relatively simple strategicmodel of the secondary market that captures important features common to many market structures. Indeed, the analysis below relies on only a few natural properties of the resale game.
A. The Resale Auction I restrict attention to perfect Bayesian equilibria of the two-stage game in symmetric strictly increasing bidding strategies. Hence, I first address equilibrium outcomes in the second-stage continuation game. Following Milgrom and Weber (1982) , I model each English auction as a "button auction" taking place in a sequence of phases. An auction begins in phase 0 and enters a new phase each time a bidder exits. For simplicity I retain Milgrom and Weber's assumption that exits are observable and irreversible." However, I do not assume the auction ends immediately when the next-to-last bidder exits. Usually such an assumption is without loss of generality. Here the assumption would bite in the second-stage auction, where the first-stage winner will reject the high bid if it is less than his own use value. Realizing this, the last remaining bidder in the resale auction effectively must choose an ultimatum offer with a constraint that this be no lower than the price b, at which his last opponent dropped out.
His optimal offer depends on his beliefs regarding the first-stage winner's type. We will see below that the first-stage winner's signal x,, is never revealed by his behavior in the first stage. However, a lower bound x,, on this signal will be inferred from the price the winner pays, which reveals the second highest signal in equilibrium.12 Therefore, all second-stage bidders have beliefs on the resale seller's use value given by the distribution e(.I x,) = f(x,,,) give the lowest type whose optimal offer is no larger than u when the bound x,,,= t is observed.
Analysis of the earlier phases of the secondstage auction is straightforward. In each phase a bidder's dominant strategy is to remain in the auction as long as his continuation value is positive, i.e., as long as the price remains below his use value. Let C represent the equilibrium strategies for the entire second-stage continuation game. These strategies define bids bf for each player i = 1 ... m + 1 for each phase k of the second-stage auction, as well as a cutoff value a i defining the offers i will accept when he is the seller in the second stage (he accepts any offer above his use value). Hence l 2 I assume the price paid in the initial auction is known to all resale buyers. This is not essential, but is consistent with the fact that all bids at Forest Service auctions are public infoimation. In fact, there are businesses that collect auction data to sell to firms in the industry.
Based on these strategies, we can specify bidders' expectations of their second-stage profits conditional on the information available to them in the first stage and the outcome of the first-stage auction. These are the expectations needed to determine bidding strategies for the first stage. Consider a bidder i with signal Xi = x who wins the first-stage auction. Since xw = y, in this case, the high bid in the second stage will be max{i,, b*(ii,; y,)}. Bidder i's expected payoff (gross of the price paid in the first stage) is the expected maximum of this secondstage bid and his own use value. Letting p(mln) give the conditional probability of there being m buyers in the second stage, this expectation can
The first integral inside the braces in (2) gives the winner's expected profit from selling in the secondary market when i, > u i> b*(ii,; y ,); the second integral gives the expected profit when i, > b*(i,; y,) > ui; and the last integral gives the expected profit when b*(ii,; y,) > u and b*(i,; y,) > i,.
The expected payoff to i conditional on losing can be derived similarly. The only complication is that the value of xw, the lower bound on the winner's first-stage signal, is not necessarily equal to y,. This is because i's own bid may be second highest in the first-stage auction.
Hence I condition directly on the value of xwin the expectation L(Xi, Y,, ... , Y,,-,;xw), where
Here the first term in braces gives the expected profit to i when both the first-stage winner and all the other second-stage buyers have use values less than i's optimal take-it-or-leave-it offer; the second term gives his expected profit when he buys at a price equal to another buyer's use value.
B. First-Stage Bidding
A player's bid in phase k of the first-stage auction is a maximum price at which to remain in the auction (assuming no other bidder drops out, initiating another phase), conditional on the information revealed by previous exits. With symmetric strictly increasing bidding strategies, these exits reveal the corresponding bidders' types in equilibrium. Thus, conditioning on the k exits observed prior to phase k amounts to conditioning on This conditioning is important because Y:, provides information about the opponents a player would face in the resale market. Hence the realization of ykl affects the value a bidder places on winning the auction in equilibrium. In this sense, the resale opportunity adds a common value element to the first-stage auction.13 Let
These equations give expectations of the gross payoffs from winning and losing the auction, conditional on the information bidder i has in phase k and an assumption that the lowest signal among i's remaining opponents is the same as his own signal. These expectations are taken conditional on the assumption that all opponents follow equilibrium strategies and that all players (including i himself) follow equilibrium strategies in future phases-hence the conditioning on z, = Y , when i loses in phase k < n -2. In phase n -2, losing implies that i's own bid, parameterized by 2, will reveal the lower bound z,~.
To characterize the equilibrium price, we may assume that the last remaining bidder in the first-stage auction does not raise his bid above the exit price of his last opponent.14 Therefore, the auction ends in phase n -2. Suppose b(.) is the equilibrium bid function for this phase. Exits in prior phases have revealed the realization of Y Y 2 = YP1. Hence a bidder with signal Xi = x chooses x" 2 y2 to maxirnize15 ' "his issue is discussed further in Haile (2000b) .
'"See the detailed discussion in Haile (2000b) . PROOF: See Appendix.
In phases k = 0, 1 , ... , n -3, a bidder wins the auction only if all n -k -1 of his remaining opponents exit simultaneously (since otherwise a new phase would begin). Since this occurs with probability zero, bidders consider only the trade-off between the expected payoff from losing the auction and the option value of continuing to the next in the range of the equilibrium bid function and ignore the specification of beliefs off the equilibrium path. 
PROOF:
See Appendix.
C. Empirical Implications
The bidding strategies above appear quite similar to those for an English auction without resale. An important distinction, however, is the endogeneity of valuations. This feature provides the basis for an empirical test. The key empirical prediction comes from two simple observations. First, adding bidders magnifies the resale seller effect: when there are more bidders there will also be more potential buyers in the resale market (at least in expectation), making gains to resale trade more likely to exist and increasing competition between bidders in the second stage. This increases the expected surplus extraction of the resale seller, raising the value of winning the auction. Second, raising the number of bidders diminishes the resale buyer effect: the expected value of attempting to buy in the secondary market shrinks when the number of competitors increases, since added competition makes it less likely that a given loser will buy in the secondary market and raises the price he pays when he does buy. Theorem 3 gives a formal statement of this result.
THEOREM 3: Forany n , k 5 n -2, k E {k, L k + I ) , yk,, and )7 E [O, 11, let y-, denote the ordered set of types {yk,,9 ) when k f k.
Then 3fj+ ,(x, yk,) > 6:(x, y k , ) .
PROOF:
See Appendix
The interpretation of Theorem 3 is simple: adding a bidder to the first-stage auction will cause some of the original bidders to drop out one phase later than they would have without the added competition; however, regardless of whether a given bidder does this, his exit price is strictly higher, due to his anticipation of the added competition in the second stage. Indeed, every bidder in an n-bidder auction would have a higher willingness to pay in every phase of an ( n + 1)-bidder auction and would therefore exit at a higher price. Note that although Theorem 3 is proven only for the resale game modeled here, the key effects of n on the magnitudes of the resale seller effect and resale buyer effect would hold in almost any natural specification of the second-stage game.16 The following corollary provides the main empirical implication taken to the data.
This result states that the willingness to pay (bid) of a given bidder in the final phase of the first-stage auction is strictly increasing in the number of bidders at the auction. Using the notation of Theorem 3, the corollary focuses on the case in which k = n -2 and = k + 1;
i.e., the case in which the added bidder exits before the final phase (phase n -2) of the auction.
It should be emphasized that this result refers to the willingness to pay of a given bidder. Adding a bidder to an auction will raise the expected winning bid in many models. However, in standard models without resale, the willingness to pay (exit price) of a given bidder does not increase with n . In private values auctions without resale, a bidder's willingness to pay is unaffected by the number of bidders. In any other affiliated values auction without resale, a player's willingness to pay declines in the number of bidders because adding competitors intensifies the winner's curse. Here, although the resale opportunity adds a common component to bidders' valuations, the comparative statistics prediction of standard common values models does not hold-indeed it is reversed. Therefore, the prediction of Corollary 1 distinguishes bidding with a resale opportunity from bidding in both private and common value models of auctions without resale.
It is interesting to note that there is a winner's curse effect in this model. However, in contrast to standard common value models (e.g., Milgrom, 1981) , there is no sense in which winning is especially bad news when the number of competitors is large. As always, each bidder must account for the information that his winl 6 These effects would also be present in sealed-bid auctions, although an additional signaling motive complicates bidding strategies (Haile, 2000b) . As a result, econometric identification of the effect examined here could be obtained only through an assumption on the precise form of the game played in the resale market and the distributions F(.) and G( . . ).
ning the auction will reveal (that his signal was highest) in determining his willingness to pay. For the comparative statics, however, this means only that adding a bidder raises the value of winning by less than a bidder would think if he ignored the fact that he wins only when his own signal is higher than that of the added bidder. This winner's curse limits the positive effect of adding a bidder on the gross payoff to the auction winner, but this payoff is unambiguously higher when there are more bidders.17
Data
Data are taken from U.S. Forest Service records for timber sales held between 1974 and 1989 in regions 1 (Montana, northern Idaho, North Dakota, and northwestern South Dakota) and 5 (California). For each auction, the data include the date and location of the sale, the length of the contract (months between the sale and the harvest deadline), as well as the cruise estimates of volume, density (volume per acre), selling value of end products, harvesting costs, manufacturing costs, and road construction costs. In addition, the highest total bid offered by each firm is recorded. All dollardenominated variables are converted to constant 1983 dollars per thousand board-feet of timber.
I consider only scaled sales of live sawtimber with contracts incorporating price indexing. Salvage sales, sales set aside for small businesses, and sales with only one bidder were excluded. Sales with contract lengths under 12 months were excluded in order to focus on sales where the model of information revelation between the auction and harvest is most sensible. For consistency, sales were included only when appraisals were conducted using the dominant appraisal method in this time period, known as the "residual value method."
As a measure of supply conditions I calculated the total volume of timber sold by the Forest Service in each region in the six-month period prior to each sale. I also construct a Herfindahl index of the concentration of total volume across the species on each tract, since specialized mills may value tracts more highly when the timber volume is concentrated in one l7 See the related discussion in Haile (2000b or only a few species. Added to the Forest contrasts with usual models (including that above) Service data set are monthly U.S. housing starts in which the price is viewed as rising exogenously (seasonally adjusted, lagged one month). Variwhile bidders continuously indicate their particiations in housing starts tend to lead variations in pation until observably dropping out. Conselumber prices, so this variable may provide a quently, interpreting the recorded bids as the measure of bidders' expectations about future intended exit prices in an idealized button auction demand not captured in current market prices.
model is likely to be misleading. Together these variables constitute the set of I take a standard approach (e.g., Paarsch, observable characteristics of each sale to be 1992b; Hendricks and Paarsch, 1995 ; Baldwin conditioned on in the empirical analysis. Table  et al., 1997) to dealing with this problem by 1 provides summary statistics for these variusing only the highest recorded bid at each ables in the sample of auctions studied.
auction. This winning bid is interpreted as the intended exit price of the bidder with the sec-IV. Estimation and Results ond-highest signal, i.e., the exit price for phase n -2. This interpretation would be exactly A. Estimation Issues correct if the auction were conducted in the idealized button auction form envisioned in the 1. Interpretation of the Bids.-Theorem 3 theory. It should be a close approximation for implies that the bid of any given f i r m will be an oral auction as well, since when only two higher when it is competing against more oppobidders remain (even if they are not aware this nents. If the prices at which each bidder exits each is the case) each must respond to the other's bid auction were recorded, this prediction could be to avoid losing at a price he is willing to beat. tested with a regression specifying bids as the An additional virtue of this approach is the fact dependent variable. Unfortunately, these exits that Theorem 1 provides a unique characterizacannot be precisely inferred from the available tion of this bid. data. At the Forest Service auctions, bidders call out prices on their own and need not regularly 2. Unobserved Heterogeneity.--The number indicate whether they are "in" or "out." This is of bidders at an auction may be correlated with common in the practice of English auctions but tract characteristics that are observed by bidders but not by the researcher. Instrumental variables are used here to avoid the omitted variable bias that could result. As instruments I use the number of sawmills in the county of each sale and its contiguous c o~n t i e s . '~ These sawmill counts are clearly determined prior to the announcement of a sale. Furthermore, the counts are relatively stable across time, whereas the cruisers responsible for the appraisal data used as covariates move every few years as a matter of Forest Service policy (Baldwin et al., 1997) . Finally, the same local sawmill count applies to a wide range of tracts, which are typically quite heterogeneous even within small geographic areas. Hence, while there may be considerable unobserved heterogeneity across tracts, it is unlikely that this would be correlated with the sawmill counts.
3. Functional Form.-The empirical model must allow the distribution of bidder valuations to vary with the number of bidders as well as a fairly large set of observable sale characteristics. This makes a fully nonparametric analysis infeasible. I adopt a simple parameterization in which the location of the distribution of valuations is a linear function of sale characteristics. In addition, while the monotonicity predicted by Theorem 3 could be derived under many specifications of the resale market, different resale games will imply different functional forms for this relationship. Since little is known about the true structure of the resale market, I specify a simple reduced form for this relationship which nests both the null and alternative hypotheses. Adding a subscript t to the variables n, x,, and y ,, I assume that for each auction t -= a + p log n, + c,y + h, The left side of (5) of the phase-(n, -2) valuation referred to in Corollary 1. On the right side, c, is a vector of covariates reflecting observed market conditions and tract characteristics, while h, reflects sale characteristics observed by bidders but not by the researcher. Consistent with the discussion above, I assume h, is independent of c, but allow correlation of n, and h,. The stochastic term <(xi,, y-,,, c,, n,, h,) accounts for (i) bidder i's private information x,,, which is assumed independent of n,, h,, and c,; and (ii) the information y ,, revealed prior to phase n, -2 of auction t . Below I consider two specifications of i(xit, yPl,, c,, n,, h,): one that accounts for the information revealed by previous exits (i.e., the realization of y-,,) and one that ignores this infoimation, effectively assumillg that exits during the auction are unobserved by bidders.
B. Obsewed Exits
Assuming exits during the auction are observed by bidders, let where E ( . ) is strictly increasing and A , ! , -2 a ( x i t > y-11, cr, nr, ht) log u,ll (xlt, Y -I~) O(x, y-,,,c, n, hJ reflects the adjustment to bidder i's willingness to pay in phase n, -2 resulting fiom the revelation of the actual realization of y-,,. By construction R(x,, y-,, c,, n, 12,) has expectation zero, both unconditionally and conditional on {xi,, n,, c,, h,}.19 Note that when n, = 2, Y ,, = 0, implying that O(xit, y-,I, c,, n,, h,) = 0. l9 One can think about this in the following way: before the auction begins, player i has observed xi,,IT,, c,, and 17,. He could then form an expectation of the (log) value of winning the auction conditional on his making it to pliase n, -2 in equilibrium and on Y , = xi,:
Henceforth I will suppress the arguments of R(xit, y-,,, c,, n,, h,) and write Ri,. To further simplify notation, let w, = [ I , log n,, c,], 0 = [ a ,p , y t ] l , and eit = &(xi,). Equation (5) can then be rewritten log 3,":-2(~it, y-,,) = wrO + h, + Rit + .zit. I assume each set {E,, ... , E, ;) is an (ordered) random sample of n, draws from a normal distribution with mean zero and variance a:.20 The lognormal distribution has frequently been used in the analysis of bidding data (e.g., Jean-Jacques Laffont et al., 1995) . Indeed, up to the choice of covariates and the account made here for unobserved heterogeneity and the information learned from opponents' exits, the specification here is identical to that in Baldwin et al. (1997) . They   R(x,,, y-, , c,, n,, h,) is the deviation from this expectation resulting from the fact that y-,, is stochastic and observed when phase n, -2 is actually reached. 20 More precisely, I assume only that the first and second moments of s,, are given by the first and second moments of a random variable which is the second highest of n, draws from a normal distribution. Two specifications of a, are considered: (i) a, = u Vt and a, = a, + &so where ii, is a 2 X 1 parameter vector and s, consists of two observable tract characteristic likely to affect the dispersion of bidder valuations per unit of timber: the share of the estimated contract value coming from road construction and the total volume of the tract. Other specifications of a, yield similar results.
provide evidence supporting the suitability of assuming lognormally distributed values at other Forest Service auctions. Some additional evidence (at least regarding the moment assumptions made here) will be provided below.
Letting @(.) and 4(.) denote the standard normal distribution and density functions, the probability density function for E,, is Define and let z, = {c,, L,), where L, are the instruments discussed above, which are assumed independent of h, and { xi,). The assumption that h, is independent of c, then implies that h, has expectation zero conditional on z,. By construction R,, has expectation zero conditional on c,, x,,, n,, and h,. Therefore, This gives a set of moment conditions identifying 0 and a,.
Let pr(nJ denote the rth moment of a random variable that is the second highest of n, draws from a standard normal distribution. Then 5, = atpl(n,).
In principle, one could calculate pl(nt) for each auction t and apply standard linear instrumental variable techniques to the equation where the mean zero "error" term is However, pl(n,) and n, are both monotonic functions of n, and are highly ~ollinear.~' This
In unreported linear IV regressions, the estimated values of p and a, = a are extremely large in absolute value problem can be overcome by using the second moment of E,,, which places a restriction on the variance of 71,, for any given value of a,. Define u,(0) = log b,, -w,0
From (6) and (7), we know that the second moment of u,(0) depends on the variances of h, and R,,, as well as the second moment of c2,.
In auctions with only two bidders, however, no exits are observed before the auction ends, implying R,, = 0. Letting ? denote the variance of h,,,, standard Generalized Method of Moments (GMM) techniques23 can then be applied using the moment conditions
Since n, is fixed in equation (9), it is clear that .rand a, are not separately identified from (9) alone. The fact that 7 does not appear in (8) ensures identification; however, given that a, was poorly identified from the first equation alone, it should not be surprising that in practice the separate identification of a, and 7 is weak. While (9) aids considerably in the estimation of 0 (by doubling the number of moment conditions) and also enables precise estimation of [T, + (~:~~( n , ) ] , (8) and (9) fail to give precise and stable estimates of a, and 7 separately. However, because 7 is a nuisance parameter, a useful approach yielding precise estimates of 0 and a, is to fix the value of 7.24 o f course, fixing 7 at the wrong and of opposite (and unstable) signs, while standard errors for all parameters are exkemely large.
22 I assume hi has finite variance but make no further distributional assumption. 23 The use of different numbers of observations for (8) and (9) requires only straightforward adjustlnents to the calculation of sample moments and covariance matrices.
24 Ignoring the fact that almost all parameters are separately identified by each moment condition alone, one can think loosely of (9) Tables 2 and 3 summarize results for regions 1 and 5 respectively. For each trial value of 7, three specifications were estimated. In the first, a, is assumed constant across auctions, and the number of bidders at each auction is assumed exogenous (log n, is included in z, instead of the instruments). The other two specifications employ instrumental variables, with the last specification also allowing a, to vary across auctions. For each specification, the table reports the estimates of p and a,, the corresponding estimate of ,"-"(x, y -, ) , and the results of key hyIn Uri pothesis tests. As we would expect, as the value of .r increases, the estimate of a, shrinks, usually hitting zero when .r is near the estimated upper bounds noted above. ( x , y-,) of overidentifying restrictions fails to reject any of the IV specification except when 7 is so large that 6, = 0.
C. Uizobserved Exits
The assumption that exits are perfectly observed by bidders during the auction may seem at odds with the concern that the bid data do not correctly reveal this information. Of course, exits might be observed during the auction in other ways-a bidder might pack his briefcase or even walk out of the room. More subtle behavior may also convey information, although perhaps imperfectly. Neither the theory nor the empirical specification above relies on exits being perfectly revealed. However, it is interesting to ask whether the data reveal evidence that any significant information is observed before the auction ends. When exits are unobserved the empirical model changes only in that a,, is identically zero for all auctions. 
Notes: Standard errors are in parentheses. An asterisk (*) indicates results omitted due to numerical problems arising when u,is driven to zero. and implies that the moment condition (9) can be applied to all auctions.27 Tables 4 and 5 present the resulting estimates. Tests of the hypothesis P = 0 reject in every case except for a few specifications without instruments for n,. The tests of overi-27 With n, varying in this case, T and u are separately identified from (9). Because the mean of the order statistic E~, increases in n, while its variance decreases in n,, the second moment is a nonmonotonic function of n,. In region 1, however, there is still too little variation in this second moment to obtain precise estimates. In region 5, where the sample is much larger, this problem disappears and precise robust results are obtained: i= 0.49, / 3 is significantly greater than zero (p-value < 0.0001), and the J-test statistic has a p-value of 0.9981. dentifying restrictions again reject the specifications without instruments and fail to reject any of the IV specifications. In both regions, d the hypothesis that -3,"-2 ( x , y -, ) is the dn same before and after the 1981 policy changes is rejected in every case, with the pre-1981 derivatives always larger. Here, none of the tests of the hypothesis a, = a reject.
While the standard J-tests of overidentifying restrictions fail to reject the unobserved exits specification, casual comparisons of results for the observed and unobserved exits models reveal large differences in the parameter estimates, suggesting that the unobserved exits assumption may be inappropriate. Under the null hypothesis of unobserved exits, using both sets of moments (8) and (9) on all observations with an optimal weighting matrix yields consistent and asymptotically efficient estimates. Under the alternative of observed exits, however, this approach yields inconsistent estimates. The observed exits specification gives consistent estimates under the null and alternative, although under the null this approach is inefficient. Hence, a Hausman test of the unobserved exits hypothesis could be constructed. Unfortunately, the asymptotic ordering (under the null) of the relevant covariance matrices fails to hold for the estimated covariance matrices in almost every specification, resulting in negative numbers for the (asymptotically chi-square) test statistics. While this is consistent with an incorrect null hypothesis, a different approach is needed for formal testing. One possible approach exploits the fact that a test of overidentifying restrictions in the observed exits model (which hold under both the null and alternative) can be constructed using any *-consistent estimates of 0 and a, [see Whitney K. Newey and Daniel McFadden (1994) for details]. Under the null hypothesis that exits are unobserved, the unobserved exits model provides such consistent estimates. Tables 4 and 5 include p-values for the resulting tests. The tests reject (with p-values no larger than 0.03) in every case except for the region 1 specifications with a, = a V t .
Note that rejecting this null also means rejecting the hypothesis that bidders' valuations are purely private-i.e., that even if bidders observe opponents' exits, this does not affect their willing- Tables 6 and 7 present the complete set of parameter estimates for 7 fixed at 0.25. Results are very similar for other values of 7. Parameter estimates are generally precisely estimated with the anticipated signs and plausible magnitudes. Assuming the model is correctly specified, the marginal effects of the estimated tract selling value, manufacturing costs, and harvesting costs, for example, should have an absolute value of 1.0 if the Forest Service estimates were perfect. This is unlikely but provides a baseline for comparison. In region 1 the estimated marginal effects are indeed fairly close to 1 in absolute value, except in one case. In region 5, where there are considerably more data, the absolute values of these estimates are all quite close to 1.
V . Specification Testing and Alternative Distributions
The moment restrictions on E,, play a key role in identifying the effect of the number of bidders on valuation^.^^ Changing the number of bidders at an auction changes the expected I thank the referees for comments that led to the development of this section. 
A. SpeciJication Tests
The identifying assumptions above are that the first and second moments of s,, are given by the first and second moments of a random variable which is the second highest of n, draws from a normal distribution. The tests of overidentifying restrictions above fail to reject (in the IV specifi-29 Other studies have relied on similar assumptions for identification in an MLE context, for example in estimating optimal reserve prices, which depend on the shape of the underlying distribution of valuations (Paarsch, 1997) , or in distinguishing competitive from collusive behavior based on distributions of order statistics (Baldwin et al., 1997) .
Marginal
Parameter Standard Marginal effect estimate error effect cations) the moment conditions derived from these assumptions. Unfortunately, additional testing is difficult. Seemingly natural approaches might be to test restrictions on higher moments implied by normality or to test the distribution of the estimated residuals for deviations from the distribution predicted by a normality assumption. These approaches suffer from two problems. One is the fact that consistency of GMM estimates does not rely on a correct distributional assumption, only on correct moment conditions. Hence, tests of normality other than tests of the first and second moments used in estimation are not tests of overidentifying restrictions but tests of related (but irrelevant) hypotheses. A second problem with these approaches is that even when s2,is a normal order statistic, the difference
does not have a known distribution. From (6) and (7), only if h, = a,,= 0 for all t does normality of { e , , ) imply that the residual 2, is (asymptotically) the second largest of n, normal deviates; otherwise, it has a distribution which is the convolution of those of E,,, and h,. This precludes a residuals-based test even for two-bidder auctions.
Nonetheless, casual inspection may suggest whether the distributions of residuals accord Tables 2 and  3 with a,= u) as well as the predicted density
The mixing weight q(n) is the share of auctions in the sample for which n, = n . Given the results of the Hansen chi-square tests, we know that the means of these distributions match well and that the differences in variances are largely accounted for by 7,.AS one would expect if the model is correctly specified, the residual distri- 
B. Alternative Distributions
While the tests of overidentifying restrictions above fail to reject the model, we have no evidence that any distributional specification would be rejected by these tests, nor that the results are robust to variations in the distribution used to derive the identifying moment restrictions. To evaluate these concerns, I examine estimates obtained with different distributions. Two alternatives were considered: the loglogistic and Weibull. In the log-logistic specification, the logistic distribution is substituted for the n o~m a l distribution above. The normal and logistic densities have similas shapes, although the fatter tails of the logistic can give quite different distributions of the extreme order statistics. In the Weibull specification, the winning bid is specified in levels rather than logs, with each s i t drawn from a Weibull distribution with scale parameter u and shape parameter 6, both to be estimated. The Weibull distribution is quite flexible and has been used in a number of other empirical studies of auctions (e.g., Paarsch, 1992a Paarsch, , b, 1997 Stephen G. Donald et al., 1997) . Table 8 presents the results from the logistic specification for the satne range of T considered above. For simplicity, results are reported only for the observed exits model with a,= u.The results are very similar to those using the normal distribution. In every case (1) the estimate of p is positive and significant; (2) the estimate of -(1 6 " -2 (x, y -, ) is significantly larger prior dn to the 1981 policy changes; and (3) the test of overidentifying restrictions fails to reject except when 7 is SO large that 6 , = 0. in most specifications. However, the tests of overidentifying restrictions uniformly reject the model.
An exhaustive analysis of the results one might obtain with other distributional assumptions is obviously impossible. However, the results here provide some additional confidence in the conclusions drawn from the normal model by showing that (1) the results are not unique to the normal specification; and (2) the tests of overidentifying restrictions, which fail to reject the normal (or logistic) model, will reject moment conditions derived from other distributions.
VI. Conclusion
The model developed in this paper provides an empirical prediction that distinguishes bidding at auctions with resale opportunities from that in standard private or common value models that ignore resale. With a resale opportunity, bidder valuations are endogenously determined by the option value the resale market provides to winners and losers of an auction. This key feature of auctions with resale opportunities drives the empirical prediction taken to the data. Using a structural empirical model that explicitly accounts for unobserved heterogeneity and for information revealed by opponents' bids during an English auction, I find evidence that bidders' valuations are higher when the option value of selling in the resale market is high and the option value of buying in the resale market is low. This finding is predicted by the model here but inconsistent with standard auction models that ignore resale. This empirical result is found in both of the geographic regions studied, and a change in policy regime that was expected (and intended) to reduce the importance of resale leads to an attenuation of this effect in both regions. Additional evidence is found for the effects of information revealed during an English auction through opponents' bids and, therefore, for the common value element the resale market introduces to bidders' valuations in the model. Any model must abstract from certain features of a market to focus on others. However, the empirical evidence here suggests that ignoring a resale opportunity can lead to misleading results for researchers and policy makers. The effects of resale on bidding in the model here are somewhat subtle, with equilibrium strategies that bear close resemblance to those for the same auction without resale. This might instill greater confidence in standard models than is actually warranted. This paper makes clear that resale has important implications for the interpretation of bidding data. As the work of Bikhchandani and Huang (1989) and Haile (1999 Haile ( , 2000a has shown, a resale opportunity (1) implies that bidder valuations are endogenous and potentially dependent on the selling mechanism itself; (2) introduces new options for sellers who might encourage or discourage an active secondary market; (3) can introduce signaling as a component of bidding strategies at sealed-bid auctions; (4) can lead to a reversal of standard results ranking auctions by expected revenues; and (5) can preclude the existence of an efficient bidding equilibrium. The evidence here suggests that the effects of resale markets are not merely theoretical possibilities and that careful attention must be paid to the broad range of effects of resale markets, particularly when questions of market design or interpretation of bidding data are at issue.
Some caveats are of course in order. While the theoretical model here appears to capture an important feature of Forest Service timber sales missing from previous models, it abstracts from other potentially important features. Two aspects of the Forest Service auctions in particular suggest directions for future work. The first is the fact that bidders at a given Forest Service auction are likely to compete against each other in future auctions. While one message of this paper is the importance of accounting for dynamic strategic effects in the specification of empirical models, this type of repeated interaction is clearly not captured by the model presented here. This is a feature of many auctions that has been ignored throughout the empirical auction literature, but which deserves careful attention.32 Related to this point is the maintained assumption that bidding is not collusive. Repeated interaction and resale opportunities may enhance the ability of bidders to collude, and there have been charges of collusion in the timber industry. This paper makes no attempt to empirically distinguish bidding consistent with a noncollusive model of auctions with resale from bidding consistent with a model of collusion, although this is an issue worth serious consideration in the future.
PROOF OF LEMMA 1:
Rewrite (2) and (3) as and Then 32 Baldwin et al. (1997) relax the single-auction assumption by treating a sequence of Forest Service auctions as a simultaneous sale of multiple identical objects to bidders with unit demands. As they point out, a more realistic model would consider sequential single-unit auctions of heterogeneous contracts where valuations for a given contract depend on contracts previously won and expectations about contracts to be offered in the future. First note that ~Z-'(X, y l y 2 ) = v:-' (x, X, y _ x ) . So the strategy for phase n -2 is that prescribed by Theorem 1. SecFrom (3) (recalling that GI( . ly) = ond, it is straightforward to confirm that G( . ly,) H I ( . ly-,)) we see that this is equal V(x, y , , ... , y,,-strictly increases in y j to 'dj = 1, 2, ... , n -1, ensuring that b specifies strictly increasing bids. Now consider a bidder i with signal X , = x in phase k 5 n -3 of the auction. Suppose that in phase k + 1, for any realization of Y, , _ ,-This implies that if i were to deviate in phase k by remaining in the auction past his equilibrium bid, it would be optimal for him to exit immediately in phase k + 1. Hence, when i bids as if his signal were 2 2 y,-, he obtains an expected payoff Equation
(1) defines b*(u; 2) when db*(u; 2) f 0 and implies that this exdR pression is equal to zero. Setting 2 = x then gives the first-order condition where { y , y k , ) denotes the realization of 
